Investigative studies of white matter (WM) brain structures using diffusion MRI (dMRI) tractography frequently require manual WM bundle segmentation, often called "virtual dissection". Human errors and personal decisions make these manual segmentations hard to reproduce, which have not yet been quantified by the dMRI community. The contribution of this study is to provide the first large-scale, international, multi-center variability assessment of the "virtual dissection" of the pyramidal tract (PyT). Eleven (11) experts and thirteen (13) non-experts in neuroanatomy and "virtual dissection" were asked to perform 30 PyT segmentation and their results were compared using various voxel-wise and streamline-wise measures. Overall the voxel representation is always more reproducible than streamlines (≈70% and ≈35% overlap respectively) and distances between segmentations are also lower for voxel-wise than streamline-wise measures (≈3mm and ≈6mm respectively). This needs to be seriously considered before using tract-based measures (e.g. bundle volume versus streamline count) for an analysis. We show and argue that future bundle segmentation protocols need to be designed to be more robust to human subjectivity. Coordinated efforts by the diffusion MRI tractography community are needed to quantify and account for reproducibility of WM bundle extraction techniques in this era of open and collaborative science.
Trackvis [Wang et al., 2007] , exploreDTI [Leemans et al., 2009] [Rheault et al., 2016] . 3 axial inclusion ROIs (pink, green, yellow), 1 sagittal exclusion ROI (orange), 2 coronal exclusion ROIs (light yellow) and a cerebellum exclusion ROI (red). The whole brain tractogram was segmented to obtain the left pyramidal tract. Figure 2 : Representation of the Dice Coefficient (overlap) for both the streamline and the voxel representation. For the purpose of a didactic illustration, 4 streamlines are showed in a 2x5 voxel grid, the red and blue streamlines are identical. Each streamline is converted to a binary mask (point-based for simplicity) shown in a compact representation. Voxels with points from 3 different streamlines will results in voxels with 3 different colors, this can be seen as a spatial smoothing. The matrices on the right show values for all pairs (symmetrical). The green and yellow streamline are not identical, which results in a streamline-wise Dice coefficient of zero. However, in the voxel representation they have 3 voxels in common and the result is ( 2 * 3 5+3 = 0.75).
Figure 3: Representation of the study design showing N participants, each received 5 HCP datasets (listed and color-coded) which were replicated 3 times (original, flipped, translated). All participants had to perform the same dissection tasks, on the same anonymized datasets. Intra-rater, inter-rater and gold standard reproducibility were computed using the deanonymized datasets. More details are available in the supplementary materials
Five independent tractograms and their associated structural/diffusion images were 124 used, each was triplicated (total of 15). One was untouched, one was flipped in the All reproducibility measures were computed using the same approach.
DWI datasets, processing and tractography
Tractograms were generated from the preprocessed HCP [Van Essen et al., 2013] 145 DWI data using three shells (1000, 2000, 3000) streamlines with a strong preference for the Z axis (up-down). For BST, the same 160 tractography parameters were used except for seeding, which was exclusively done from 161 the precentral gyrus, postcentral gyrus and brainstem at 5 seeds per voxel.
162
The whole brain tractogram and the CST-specific tractogram were fused. To accom-163 modate all participants and the wide range of computer performance, tractograms were 164 compressed using a 0.2mm tolerance error [Rheault et al., 2017; Presseau et al., 2015] 165 and commissural streamlines were removed and datasets split into hemispheres. without distinction, they are considered the same bundle during the analysis. Figure 6 : Gold standard obtained from 7 segmentations, first row shows the streamline representation and the second row shows the voxel represented as a smooth isosurface. From left to right, multiple voting ratios were used ( 1 7 , 3 7 , 5 7 , 7 7 ), each time reducing the number of streamlines and voxels consider part of the average segmentation. A minimal vote set at 1 out of 7 (left) is equivalent to a union of all segmentations while a vote set at 7 out of 7 (right) is equivalent to an intersection between all segmentations.
All elements that are not in a gold standard are true negatives and all the ones present To produce our gold standard a majority vote approach was used from the segmen-241 tations of the experts group, as their knowledge of anatomy was needed to represent an 242 average version of the bundle of interest. The vote was set at 6 out of 11 and each of the 243 5 datasets got its own left and right gold standard. Since the representation at hand is 244 streamlines (which can be converted to voxels), a streamline-wise and a voxel-wise gold 245 standard were created. 
Results
On average, experts produce "smaller" bundles than non-experts, their volume and 248 streamline count is lower than non-experts, as it can be observed in Table 1 and Figure 7. 249 This difference between groups is statically significant (p − value < 0.01). In the follow-250 ing sections, all explicit comparisons between groups are statistically significant using 251 a standard Welch's t-test for the means of two independent samples, which does not 
Intra-rater evaluation 257
All reported values can be seen in Table 2 and in Figure 8 . 
Gold standard evaluation 281
All reported values can be seen in Table 4 , 5 and in Figure 10 Specificity and accuracy reach above the 95% for both groups both for streamlines 291 or voxels. Meaning that experts and non-experts alike classified the vast majority of 292 true negatives correctly. Since specificity is near a value of 1.0, the Youden score is 293 almost equal to sensitivity. All 3 measures take into account the true negatives, which 294 far outweigh the true positives, in our datasets, for this reason they were removed from 295 Figure 11 and shown only in the supplementary materials. Sensitivity is much lower at 296 0.59 and 0.71 for experts and non-experts respectively, as both groups partially capture 297 the gold standard. Precision is higher for experts than for non-experts, meaning that 298 experts were providing segmentations approximately the same size as the gold standard 299 while non-experts were providing much bigger segmentations (that generally encompass 300 the gold standard). This explains the higher sensitivity and lower specificity of non- 
